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Abstract

We presentisystendesignedor theinteractive definitionandvisu-
alizationof fieldsderivedfrom large datasets:the Demand-Driven
Visualizer(DDV). The systemallows the userto write arbitraryex-
pressiongo definenew fields,andthenapplyavarietyof visualiza-
tion techniquego the result. Expressionganinclude differential
operatorandnumeroustherbuilt-in functions. Determinationof
field values,bothin spaceandin time, is directedautomaticallyby
thedemand®f the visualizationtechniquesThe payof of follow-
ing a demand-dxien designphilosophythroughoutthe visualiza-
tion systembecomegarticularlyevidentwhenworking with large
time-seriesdata, where the costsof eagerevaluationalternatves
canbe prohibitive.

CR Categories: E. Data(large); 1.1.3 Languagesaind Systems,
Evaluationstrateies;|.3.8 ComputerGraphicsApplications

Keywords: large scalevisualization,scientific visualization,in-
teractive visualization,demand-dxien evaluation,lazy evaluation,
interpretedsystemsPython.

1 Introduction

In mary scientific visualizationapplications the datasetstendto
belarge. In computationafluid dynamicqCFD),for example data
canbe on the orderof oneto hundredsof gigabytesin size. CFD
datatypically comein the form of meshesand fields definedin
termsof the meshes A meshrepresentshelocationsof adiscrete
setof verticesin adomainandthe organizationof the vertices for
instanceto form hexahedralcells. In somecasesa meshmay con-
sist of multiple, overlappingsubmeshesieferredto aszones A
fieldhasameshandadiscretesetof nodeswvherequantitiessuchas
densityandmomentumarerepresentedThe locationof the nodes
is specifiedby the mesh.Visualizationtechniquestartwith afield
andproducdamageswhichhighlightvariousfeaturesn thedomain.
Sometechniquessuchasbasicimplementation®f isosurcesor
volumerenderingrequireprocessingvery cell or nodein thefield
in orderto produceanimage. Many othertechniquesequirefield
valuesonly from small regionswithin the domain. For instancea
visualizationdisplayinga cutting planepassinghroughthedomain
mayrequireonly thatthefield be sampledat pointsonthe plane;or
perhapsnemayonly requiredatanearanaircraftmodelsurfacein
orderto apply LIC techniqueq17] or to definecontourcurvesor
glyphs. Scenariosvherean applicationtouchesonly a small per
centageof the whole datasetare knowvn as spaise traversal [5].
Data that varieswith time tend to magnify the impact of sparse
traversal,sincesparseaccesganoccurin bothspaceandtime. Fur-
thermoretheimplicationsof sparsdraversalbecomemoresignifi-
cantwith time-seriedatasincethe datasetstendto belargerthan
in steadycases.
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An importantconceptin computationafluid dynamicsis that
of derivedfields. A derivedfield is a field whosevaluesarecom-
putedin termsof one or more other fields. Derived fields come
into play in simulationapplicationssinceprogramsawhich solve for
field valuestypically computeonly a particularsetof fundamental
solutionvaluesfrom which all otherquantitiescanbe derived. A
typical setof fundamentabolutionvariablesis density momentum
andenegy. Therearenumeroudierived fieldsthata scientistmay
be interestedn viewing. For instance,Table 1 lists the over 50
derived fields predefinedoy one CFD post-processingpplication:
PLOT3D [21]. Derived fields are particularly a challengewhen
working with large datasets,sinceloading the fundamentakolu-
tion valuesaloneinto mainmemorymay alreadytax theresources
of onesworkstation.Furthermoreevenif onecanafford themem-
ory necessaryo storeaderivedfield, muchof thecomputatiormay
beunusedf thevisualizationdoesnot accesshewholefield.

To addresshe challengepresentedby largedatain generaland
derivedfieldsin particular we presentavisualizationsystembased
on a calculatorparadigm,the Demand-DrivenMisualizer Using
the systemone caninteractiely specify derived fields and apply
visualizationtechniquego thosefields. The fields canbe defined
by arbitraryexpression®r by ary of thestandard°LOT 3D derived
fields,yettheevaluationof derivedquantitieds completelydemand
driven(alsoknown aslazyevaluatior). At theusersoption,thecal-
culatorcanalsoevaluateandstorethederivedvalueover thewhole
field (eager evaluatior), or cachelazily evaluatedresultsat some
instancen time (lazybut thrifty evaluatior) for betterperformance.
At the heartof the systemis the Field Encapsulatior.ibrary (FEL)
anda collectionof visualizationtechniquesknown asthe VisTech
Library. FEL supportshe dynamicconstructionand composition
of arbitraryderivedfields,andevaluationby lazy or eagemethods.
DDV providestheparsingto corvertuserexpressionso FEL fields,
andaninterfacewherethe usercaninteractively choosevisualiza-
tiontechniqueso applyto theresults.Thecombinatiorof thelazily
evaluatedderivedfieldsdrivenby visualizationtechniquegrovides
apowerful systenfor field analysighatis especiallywell suitedfor
largedataneeds.

The power of lazy evaluation becomesparticularly apparent
whenworking with largetime-serieslatasets wheretheshortcom-
ings of eagerderived field evaluation—memoryconsumptionrand
unusedcalculations—aramultiplied by the numberof time steps
in asimulation.Sincetypical simulationsmayhave on the orderof
hundredof time stepsthesedravbacksaresignificant.In theDDV
designfield evaluationis completelydriven by the visualization
technigquespothin spaceandin time. The systemautomatically
manages working setof time steps,doingtemporalinterpolation
if necessary

It is importantto notethat key to the effectivenessf the DDV
is a consistentdemand-dsien philosophythroughoutthe design.
Eagerevaluationin one part of the designcannullify the adwan-
tagesof lazy evaluationelsavhere. For example,demand-paging
hasbeenshavn previously [5] to be an effective approactho large
datavisualization,but demand-pagingoupledwith eagerderived
field evaluationwould be self defeating Eagerderivedfieldswould
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Tablel: Derivedfields predefinedn PLOT3D [21].

force every pageto bereadin, andthememoryconsumptiorof the
derivedfield would oftenoutweighthe saszings gainedwith paging.

In the following sectionwe discusssomeprevious work related
to the Demand-DrivenVisualizer Section3 describesthe key
demand-drsien fields usedby DDV. Section4 gives an overvien
of theinterpretedanguageandthe userinterfaceof the system.In
Section5 we presentesultsdemonstratinggomeof theadwantages
of the DDV design. And finally, in Section6 we concludewith
someclosingthoughts.

2 Related Work

Field and meshobjectsin the Demand-Drivenvisualizerare pro-
vided by a C++ classlibrary known as the Field Encapsulation
Library (FEL). An initial versionof FEL was presentedat Visu-
alization’'96 [4]. Sincethenthe library hasbeenfundamentally
redesignedand completelyrewritten in orderto supporta much
wider variety of meshandfield types[11]. In particular the fea-
turesessentiafor large datahandling— demand-dsien evaluation,
derivedfields, differentialoperatoffields,working setmanagement
of time-seriesdata,and demand-pagedatafrom disk [5] — were
notavailablein theoriginal versionof FEL.

Thecalculatoparadigmusedin DDV is arelatively intuitive and
easy-to-usnterfacefor preparingdatafor visualization.FAST [3],
for example,is a CFD visualizationsystemwhich featuresa calcu-
lator module. In FAST the usercanspecifyarbitrary expressions,
including predefinedfields suchasthosein Table 1, and usethe
resultingscalarandvectorfields just asonewould usethe funda-
mentalscalarandvectorfields. The FAST calculatorevaluatesits
resultseagerly:new fieldsrequireallocatingmemoryandcomput-
ing thederivedvalueoverthewholefield. Thereis little supportfor
time-varyingdatain FAST.

An alternatve paradigmfor effectively specifying derivation

functionsandvisualizationtechniquess data-flav. AVS [20], IBM
DataExplorer[9, 1], IRIS Explorer[6], SCIRun[2, 13], and vtk
[15] areall examplesof data-flav implementationsDataflow sys-
temsin generatanbeclassifiecaseitherpushmodelor pull model.
In apushmodelsystem change$o onemodulecausat to pushre-
sultsdownstreanthroughthe flow graph.AVS, DataExplorerand
IRIS Explorerareexamplesof pushmodelsystemsin apull model
design,achangeo onemoduleresultsin datarequestgropagating
upstreanthroughthe flow graph,wherethe appropriatedataare
processedndeffectively pulleddownstreamVtk is anexampleof
apull modeldesign.In SCIRunmodulescanoperatein eitherpull
modeor pushmode[13].

For field visualizationswhere only a small subsetof the field
datais required,pushmodeldata-flav suffers from the dravbacks
of eagerevaluation:modulegtypically operateover the wholefield
eventhoughultimatelyonly arelatively smallamountof dataneed
be processedand potentially a large amountof memorymustbe
allocatedfor buffering intermediateandfinal results. Memory us-
ageproblemscanbe amelioratedo a certainextentby morecare-
ful memorymanagemertechniquesor by designingnodulesthat
work with finer-grainunitsof data[19]. Onesolutionto the waste-
ful computatiorproblemis to introducefilter modulesnearthehead
of theflow graphwhich extract subset®f the data. Unfortunately
it canbe difficult in somecasesto anticipatewhat the appropri-
atesubsetshouldbe. For example,if the downstreammoduleis a
particletracer thenit maybehardto choosehesubregion for com-
puting a derived velocity field, becaus®newould have to know a
priori wherethe particleswould go. Time-serieslataaddsanother
dimensionto the problem, sinceit may be difficult to anticipate
wheretemporallya modulemay needdata. For instance a streak-
line modulemayrequiredataover arangeof times,includingtimes
intermediateto the given time steps(i.e., wheretemporalinterpo-
lation is necessary) One could alsoimaginescenariosvheredif-



ferentmodulesin the sameflow graphmay needdataat different
temporalpointsin thedataset.

In contrastto pushmodeldesigns pull modeldesignsoffer the
potentialof betterperformancen large data,sparsetraversalsce-
narios. In a pull model system,eachmodulecanrequestust the
datait needfrom theoneor moremodulesmmediatelyupstream.
For example, Image\ision [16] is a library for image processing
with a pull modeldesignwhereoperationcanbe appliedto small
tiles from muchlargerimages. SCIRun[13] modulescanrequest
field valuesfrom upstreammodulesat individual pointsin space.
Suchpull model systemsepresentazy evaluationembodiedin a
data-flav setting: the flow graphdefinesthe operationsto be ap-
plied to the data, but the operationsare executedonly at specific
pointsor within specificregions,on demand.

Lazy evaluationtechniqueshave also beenemplo/ed in other
visualizationsystemsfor large data. The UnsteadyFlow Analy-
sis Toolkit (UFAT) [8] is a systemdesignedspecificallyfor par
ticle tracing throughlarge, time-seriesdata. UFAT computesde-
rivedfield valueson demand put only for the velocity field. Cox
and Ellsworth apply a demand-dxien approachto the loading of
datainto mainmemory[5]. Usingdemand-pagin¢echniquesthey
shav goodperformancewith large CFD datasetsin sparseraver-
sal scenariosincluding caseswvherethe fundamentabolutiondata
for asingletime steparelargerthanthe mainmemoryof thetarget
workstation.

3 FEL Fields

The Demand-DriverMsualizerbuilds uponfive key field typesin
the Field EncapsulatiorLibrary (FEL): time-seriedields, derived
fields, differential operatorfields, pagedfields, and cachedfields.
TheFEL field classesredefinedwithin acommonclasshierarchy
andall fieldsinheritastandardnterfacedefinecby theFEL fi el d
andFEL_t yped_fi el d<T> classesat the top of the hierarchy
The typedfield classis written using C++ templatesvherethe T
parameterspecifiesthe field nodetype, e.g.,f | oat for a scalar
field. Eachfield instancealsohasa meshwhich specifieghe loca-
tion andorganizationof the field nodedata,in FEL a field nodeis
locatedateachvertex in themesh.Thefield interfaceprovidesstan-
dardmethoddor accessindield values.An applicationcanrequest
nodevaluesat the verticesof a cell (at _cel | ), or at anarbitrary
physicalposition(at _phys_pos). FEL usesa generaldefinition
for cell: vertices,edges triangles,quadrilateralstetrahedraand
hexahedraare all cells. Callsto at _cel | do not requirespatial
interpolation callsto at _phys_pos do. Field visualizationappli-
cationswritten in termsof the standard‘at ” calls work with ary
field subclass.FEL field classesnclude FEL _cor e_fi el d<T>,
wherethe nodedataare storedin main memory and otherfields
wherenodedatamay be synthesizedn demand.We describethe
five typesof fields that figure most prominentlyin the Demand-
Driven Visualizerdesignnext.

3.1 Time-Series Fields

Large simulation data sets often come in the form of a time
series, where eachtime step representsa snapshotof the field
valuesin time. FEL representdime-seriesdata via the class
FEL_ti ne_seri es_fi el d<T>. Time-seriesfields supportthe
interface commonto all FEL fields, thus one can build arbitrary
demand-drsien fields for time-varying data just as one can for
steadydata.Visualizationtechniquesequesfield valuesusingthe
sameargumentsasin the steadycase:cellsandphysicalpositions.
Eachamgumentcontainsa time representationwhich is usedby
FEL_ti ne_seri es_fi el d<T> instancedo selectthe appropri-
atetime stepdata,or to selectmultiple time stepswhentemporal

interpolationis necessary The requirementhat the time compo-
nentof “at " call agumentsbe setis the only differencefor the
applicationprogrammebetweerusinga steadyor unsteadyfield.

FEL_ti ne_seri es_fi el d<T> instancedoad datafor a par
ticular time stepon demandusinga callbackfunction provided at
constructiontime. Dataaremanagedn memoryusinga working
setapproachwherethetime stepsarereplacedvhennecessarys-
ing aleastrecentlyusedpolicy. Thesizeof theworking setcanbe
setby the user;thusone cantrade-of memoryusagefor a greater
likelihoodthat a desiredtime stepwill bein memory The work-
ing setmechanisntontainedn FEL_t i ne_seri es_fi el d<T>
malesit easierto designapplicationssuchasthe Demand-Driven
\isualizer, for time seriesdatathataremuchlargerthanworkstation
mainmemory

3.2 Derived Fields

The derived field classesin FEL are all subclassesof
FEL deri ved_fi el d<T>. For anapplicationprogrammerthe
constructionof a derived field requiresargumentsspecifyingthe
fieldsto bederivedfrom, anda mappingfunctionto beusedon de-
mandto producederivedvalues.All thefieldsmustbebasednthe
samemesh. The Demand-DriverMisualizerutilizes several prede-
fined derivedfield classessuchasFEL _magni t ude_fi el d and
FEL_sumf i el d, wherethe mappingfunctionsare provided by
thelibrary.

An importantconsequencef definingderivedfieldsin termsof
thebaseclassFEL -t yped_f i el d<T>, ratherthanamorespecific
fieldtypesuchasFEL _cor e_f i el d<T>, isthatderivedfieldscan
be constructedn termsof otherderivedfields. In generalonecan
compossdields deriving from ary field subclassThis alsoimplies
thatonecanbuild chainsof derivedfieldsto arbitrarylengths.The
factthatonecanconstructnew fieldswithout needingto know the
specificsubclas®of thefieldsbeingderived from makesit easierto
build modularsystemsFor example,in theDemand-DriverMisual-
izer, derivedfieldscanbecomposedncrementallyastheinterpreter
traversesanexpressiorparsetree.

The relationshipsbetweenderived fields can be describedus-
ing a directedgraph. An applicationbuilds derived fields nodeby
node,eachnenly constructedield addinga graphnodeandedges
from previous nodesto the new node. The graphsareagyclic, thus
derivation graphsare DAGs (directedagyclic graphs).The deriva-
tion graphscanalso be thoughtof asflow graphs. Requestgo a
particulargraphnodecauseequests$o propagateipstreanthrough
theflow graphin ademand-pulmanner Thedatarequestsarefine-
grain: at _cel | callsrequirecomputationonly at the nodesof a
cell.

3.3 Differential Operator Fields

FEL containsfield classesvhich computethe divergence gradient
or curl of anunderlyingfield. Differentialoperatorfield valuesare
computedndemandsimilarto derivedfields. Thelibrary provides
classedor computingderivativesby first or seconcbrdermethods
Otherdifferentialoperatorssuchasthe scalaror vectorLaplacian,
canalsoberepresenteth termsof thebuilt-in operatorsTemporal
derivativesarenot yetimplementedn FEL.

As with derived fields, the field provided asa constructionar
gumentwhen building a differential operatorfield can be ary
subclassof FEL_fi el d. Thus, differential operatorfields can
be composedinto deriation chains just as derived fields are.
Second-ordedifferential operatorfields are unlike subclassesf
FEL deri ved_fi el d<T> in thatthey generateadditional“at ”

Ipresentlyonly first order methodsare supportedfor unstructured
meshes.



Operator | Description

_add__ addition(infix +)
_div__ division (infix /)

_mul __ multiplication (infix *)
__neg.__ negation(unary- )
_sub__ subtraction(infix - )
Cross crossproduct

curll first-ordervectorcurl
curl 2 second-ordevectorcurl
divl first-orderdivergence
div2 second-ordedivergence
dot dot product

gradl first-ordergradient
grad2 second-ordegradient
mag vectormagnitude
sqrt squareoot

Table2: Field mathoperatorglefinedin DDV.

callsontheirunderlyingdfield in orderto acquirea neighborhooaf
field valuessurroundinga given agument. For instance a request
for thegradientat a vertex requiresfield valuesat the adjacentver-
ticesin the meshin orderto computethe necessarylifferenceval-
ues. This expandingneighborhoodf calls to fields upstreamin
the derivation graphis transparento the end userof a differential
operatoffield.

3.4 Paged Fields

With paged fields the dataare organizedinto page-sizedlocks
within files on disk. Blocks areautomaticalljoadedinto memory
ondemandby the pagedield object. Thepagesaremanagedising
working settechniquesTheloadingandmanagementf blocksis
transparento the pagedfield user The FEL_paged_fi el d<T>
classencapsulatethe approachpresentedy Cox andEllsworth at
Visualization'97 [5].

3.5 Cached Fields

The derived and differential operatorfields in FEL follow a max-
imally lazy stratgly. No derived valuesare computedin adwance,
nor is ary memoryallocatedfor storingderived values. In cases
wherean applicationrepeatedlyrequestsvaluesat the sameloca-
tionsin afield, the maximally lazy approachmay not be the best,
sincethe derived valueswould be recomputedat eachrequest.On
the otherhand, eagerevaluationmay still not be the bestchoice,
particularlyin sparsetraversalsituations. FEL providesa hybrid
approachvia a field class: FEL_cached_fi el d<T>. A cached
field is constructedvith another~EL field instanceasanarmgument.
Cachedfields allocatethe memoryto storethe wholefield (at one
instancen time) andmark eachnodewith a special‘unevaluated”
value. For each“at ” call, a cachedfield checkswhetherthe re-
guestedhodevalueshave beenevaluatedalready andreturnsprevi-
ously computedvaluesif available. Nodevaluesrequestedor the
first time arecomputedasin the uncachedase andstoredfor fu-
turereuse.Thetime componenbf theat call agumentsignored,
thusit is inappropriateto usea cachedfield if the the underlying
field is time varying andthetime specifiedn all theat callsis not
thesame.

In sparsdraversalscenariosgachedieldsprovide amortizedre-
sponsdime closeto thatof eageffields, without the wastefulcom-
putationdravback of eagerevaluation. For demand-dsien fields
that are expensve to evaluate,in particular differential operator
fields, cachedfields can significantlyimprove performancenvhen
onecanafford thememory

Data | Per TimeStep | #Steps | Total

SSLIV 599 1 599
DW 22 120 | 2628
F18 35 301 | 10652

Table3: Datasetsizes(MBytes).

Derived Field Data Touched

Visualization >0 >1
density SSIv | 1.2 0.7
Cuttingplane DW 32| 18

F18 15] 0.8
di vergence.of velocity | SSLvV | 24| 2.0
Cuttingplane DW 6.2 4.8
F18 30] 23
velocity SSIv | 01| 0.1
Particle advection DW 11] 0.7
F18 04] 03

Table4: The percentagesf nodestouchedat leastonce,andmore
thanonce,for typical cutting planeand streamlinevisualizations.
The numbersare typical of visualizationalgorithmswith sparse
traversalbehaior.

4 Implementation

The Demand-DrivenMisualizer provides a graphicalinterfaceal-
lowing the userto interactively defineand visualizearbitrary de-
rivedfields. In this sectionwe provide a brief overview of thein-
terpretelanguageusedto expresssuchfields, andthe rapid appli-
cationdevelopmentianguageusedto build the system— Python.

4.1 The Language

The DDV interfaceincludesan interpreterwindow wherethe user
canwrite andevaluatefield expressiongseeFiguresl and2). The
interpreteiin DDV is basedn Python[10, 14], aninteractie, inter-
pretedlanguageA key featureof Pythonis its extensible,modular
design.DDV providesan FEL modulefor Pythonwhichintroduces
meshandfield typesinto the interpreterervironment. The types
arefirst class,in otherwords, oncethe FEL moduleis imported
onecanusethe meshandfield typesjust asoneusesotherbuilt-in
types. For instancefield typescanbe usedin expressionsassign-
mentstatementsor passecdas argumentsto userdefinedroutines.
Pythonparsesexpressionspusingoperatorprecedencaimilar that
in the C languagehuilding a parsetreeinternally Table2 lists the
operatorghatcantake field agumentsn anFEL-extendedPython.
The interpretertraversesthe parsetree, building FEL fields asdi-
rectedby the tree. The demand-drien natureof FEL is essential
here:theinterpretercantraverseandbuild atinteractve rates,even
thoughthefieldsmaybe extremelylarge.

4.2 Visualization Techniques

Onceonehasdefinedfields within theinterpreterervironment,the
next stepis to apply visualizationtechniques DDV utilizesa C++
suiteof visualizationtechniquegnown asthe\isted Library [18].

For eachvisualizationtechnique DDV providesa Pythonwrapper
Within the interpreterervironmentonecanconstructvisualization
instancesndview thegraphicalbutput.Visualizationinstancegan
alsobeconstructedria a menu-drveninterface,describechext.



Derived Field Data Eager Lazy Cached Lazy
Cons. | Visu. | Cons. | Visu. | Cons. | Visu.

density SSLIV | 40.96| 1.50 € 1.75 € 5.74
DW 0.90| 0.15 € 0.19 € 0.28

F18 489 0.20 € 0.25 € 0.35

pressure SSLvV 41.94| 1.50 € 1.73 € 6.01
DW 0.96| 0.15 € 0.19 € 0.28

F18 499 0.20 € 0.25 € 0.35

dot (grad2(pressure), velocity) | SSIV | 286.64| 1.49 € 10.51 € 10.46
DW 10.11| 0.15 € 1.22 € 0.60

F18 33.38| 0.20 € 1.73 € 0.83

vorticity_nmagnitude SSLV | 341.05| 1.50 € 12.87 € 11.06
DW 12.86| 0.15 € 1.47 € 0.68

F18 39.66| 0.20 € 1.98 € 0.92

Table5: Constructiomandvisualizationtimings (in secondsjor four derived fields, orderedby increasingexpenseto evaluate(timesdesig-
natede arelessthanl millisecond). In all caseghetime to constructa lazy field andapply a visualizationtechniqueis muchlessthanthe
constructiortime alonefor aneageffield. Thetablealsoshavs thatcachingcanimprove the performancef a visualizationbasedon alazy
field thatis expensve to evaluate but cachingcanhinderperformancavhenevaluationis cheap.

4.3 The Graphical User Interface

The graphicaluserinterface(GUI) of the Demand-DriverMisual-

izeris illustratedin Figuresl and2. The GUI is written usingthe

TKki nt er interfaceprovided by Python. Tki nt er is a wrapper
aroundTcl / Tk [12]; like Tk, Tki nt er allows systemdesign-
ersto specify a graphicaluserinterfacein a windowing-system-
independenmanner The DDV GUI givesthe userchoice: navice

userscan usethe pull-dovn menusand buttonsto constructand
control visualizationinstanceswhile advanceduserscan usethe

interpretercommandine aloneto control the application. Python
provides a universallanguagethat supportsboth the specification
of fields for visualizationandthe commandand control of the ap-

plication.

5 Results

To demonstrat¢he effectivenesf the Demand-DriverMisualizer
with largedatasets we begin by quantifyingthe sparselataaccess
patternstypical of mary visualizationtechniques.Next, we shav
how the DDV exploits suchpatternsavoiding thedravbacksof ea-
ger evaluation. The examplederived fields andvisualizationsare
computedfor three CFD datasets: the spaceshuttlelaunchvehi-
cle (SSLV), the deltawing (DW), andthe F-18fighter (F18). The
SSLV datasetis a steadysimulationand hasa meshconsisting
of 113 zones. The deltawing and F-18 datasetsrepresentime-
varying singleand multi-zoneflow simulations respectrely. The
deltawing meshalsovarieswith time, the F-18 meshdoesnot. Ta-
ble 3 summarieshe datasetsizes.

A first steptowards confirming that a lazy evaluation stratgy
will be effective is to verify thatmary visualizationtechniquese-
quire accessingr “touching” only a small percentagef the field
valuesin a dataset. Touchinga smallfraction of the dataimplies
that a large fraction is untouchedand a large fraction untouched
implies a large amountof unusedcomputationin an eagerevalu-
ationdesign. We alsomeasuréhov mary field nodesaretouched
more than once by the example visualizationtechnigues. Cases
wheremary nodesare touchedmore than once suggesiopportu-
nities wherecachingcould make a significantimprovement,since
more valueswould be reused. Table 4 summarizeshe measure-
ments. Thedensi ty anddi ver gence_of _vel oci ty scalar
fieldswerevisualizedusinga cutting planesampling,andtheve-
| oci ty field was visualizedvia a particle adwection technique.
Thepercentageshawv therelatively low numberof nodestouched,
in mostcasedessthan5%. The exact statisticsvary with the posi-

tioning of the cuttingplaneor particleadwectionrake. For example,
with the SSLV data,a planecutting betweenthe shuttleand fuel
tankpasseshroughseveralfine detailmeshesincreasinghetouch
counts. The SSLV countsin Table4 arefor sucha planeposition.
The countsfor the di ver gence_of _vel oci ty field arefor a
planein the samepositionasfor thedensi t y field. Notethatthe
touchcountsfor the divergencefield arehigher sincenodevalues
from a neighborhoodsurroundinghe planearerequired.Notetoo
thatthe percentagef nodegouchedmorethanonceis over halfthe
percentagef nodestouchedat all, suggestinghatcachingderived
resultsmayimprove performance.

The consequencesf choosinga demand-dxien designover an
eagerevaluation design becomeapparentwhen we considerthe
timesrequiredto computederivedfield visualizations Table5 sum-
marizesthe performanceof four examplefields using eager lazy
and cached-lazyevaluationtechniques. In orderto focuson the
performancalifferenceslueto thedifferenttypesof derivedfields,
thetimings arefor a singlevisualizationtechnigue samplingwith
a cutting plane. The measurementaere taken on an SGI Onyx2
workstationwith one GByte of main memoryanda 195MHz pro-
cessorclock rate. The four derived fieldsincludea trivial derived
field, densi t y, two commonlyusednon-trivial derivedfields de-
finedby PLOT3D [21], anda customdefinedfield (pressuregradi-
entdottedwith velocity) sometimesisedfor featuredetection.

To isolatethe costsof eagerevaluation,the timings are broken
down into constructiorandvisualizationcontrikutions. In the case
of everyfield anddatasetcombination(i.e. every row in thetable),
the eagerconstructiontime dominates.In mary caseshe differ-
encebetweertheeagerconstructiortime andthevisualizationtime
usinga lazily evaluatedfield is over an orderof magnitude.Thus
evenin casewheretheuserdesiresnultiple visualizationsoverthe
samederivedfield, thetotaltime consumedisingalazily evaluated
field would still belessthangoingthe eagerroute.Notetoo thatby
takingthe lazy evaluationapproachthe useralsocomesout ahead
in termsof memoryconsumption.Eagerfields requiresignificant
amountsof memoryfor storage. Furthermorejn somecasesone
may have to useyetmorememory atleasttemporarily to storethe
intermediatdieldsusedto computeafield definedin termsof other
derivedfields. In casesvherethefundamentasolutionvaluesalone
consumemuchof the memoryof one’s workstation,not having to
storederived valuesmay male the differencebetweenreasonable
performancendthrashing.

Table 5 alsolists the timesto constructand utilize lazily eval-

uatedfields wherederived valuesare cachedfor reuse. The num-
bersshav improvementswhenworking with relatively expensve



derived fields, but a downgradein performancewhen cachingis
cougledwith fieldsthatarecheapeto evaluate.To decidewhether
cachingwill beeffective, onehasto considenotonly thefield eval-

uation cost, but also the field accesgatternsof the visualization
technique,and the amountof memoryavailable for caching. We
arecontinuingto studythesetrade-ofs aswe further optimizethe
the performancef thefield classesandvisualizationtechniques.

6 Conclusion

Large datavisualizationis currently a topic of growing interest
within thevisualizationcommunity asevidencedby the active par
ticipation at the recentNSF/DOEWorkshopon Large ScaleVisu-
alizationandDataManagemenf7]. For large scalescientificvisu-
alization,accesgo derivedfieldsis akey componentf acomplete
system.Scientistaareoftenasinterestedn valuesderivedfrom the
raw statevariablesof their simulationsasin the raw valuesthem-
seles.We have presentedhe Demand-DriverMsualizer, asystem
designedfrom the startto addresdarge datavisualizationneeds
throughdemand-drien evaluationtechniquesThe systemfeatures
a general,flexible interpreterwhere one can define arbitrary de-
rived fields, yet still enjoy the benefitsof lazy evaluation. Lazy
evaluationexcelsin sparseraversalscenariosi.e., in casesvhere
an applicationtouchesa relatively small subsetf the data. Many
visualizationtechniquegxhibit suchbehaior.

We expect that the fundamentaladvantagesof demand-drien
systemswill continueto influencelargescalevisualizationapplica-
tion designsn thefuture. Theapproactexemplifiedby the DDV re-
quiresminimal preprocessingr extra memory two propertieghat
are especiallyimportantwhenthe dataalreadypushthe limits of
the simulation and visualizationervironment. While our experi-
encesso far with the DDV is asa post-processingpol wherethe
dataarereadfrom files, the adwantageof the DDV designwould
alsoapplyin caseswvherethevisualizationis donewhile the simu-
lationis takingplace.Sucha systemwould allow the userto define
fields on-the-flyand verify, for example,that a simulationis run-
ning correctly
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Figurel: TheDemand-DrivenMisualizergraphicaluserinterfaceandthe SpaceShuttleLaunchVehicle(SSLV) dataset. Thecontoursonthe
shuttlebodyarefor pressureThe SSLV datasetconsistsof 113submeshesyith atotal datasizeof 599 MBytes.
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Figure2: The DDV with the DeltaWing (DW) dataset. Thetearoff menuto the left displaysthefields currentlydefinedin theinterpreter
ervironment. The menuto theright lists the visualizationtechniqueghat canbe appliedto oneof the fields— velocity. Notethatonecan
specifyfieldsin theinterpreterervironmentby referencingouilt-in fields (e.g.,sol n. ener gy) or by writing explicit definitions(e.g.,for

thep field). Theequationfor p definespressurea scalarfield. Thedatasetconsistof 120time stepswith atotal sizeof 2628MBytes.



